Background: Weighted co-expression network analysis (WGCNA) is a powerful systems biology method to describe the correlation of gene expression based on the microarray database, which can be used to facilitate the discovery of therapeutic targets or candidate biomarkers in diseases. Objective: To explore the key genes in the development of Alzheimer's disease (AD) by using WGCNA. Methods: The whole gene expression data GSE1297 from AD and control human hippocampus was obtained from the GEO database in NCBI. Co-expressed genes were clustered into different modules. Modules of interest were identified through calculating the correlation coefficient between the module and phenotypic traits. GO and pathway enrichment analyses were conducted, and the central players (key hub genes) within the modules of interest were identified through network analysis. The expression of the identified key genes was confirmed in AD transgenic mice through using qRT-PCR. Results: Two modules were found to be associated with AD clinical severity, which functioning mainly in mineral absorption, NF-κB signaling, and cGMP-PKG signaling pathways. Through analysis of the two modules, we found that metallothionein (MT), Notch2, MSX1, ADD3, and RAB31 were highly correlated with AD phenotype. Increase in expression of these genes was confirmed in aged AD transgenic mice. Conclusion: WGCNA analysis can be used to analyze and predict the key genes in AD. MT1, MT2, MSX1, NOTCH2, ADD3, and RAB31 are identified to be the most relevant genes, which may be potential targets for AD therapy.
INTRODUCTION
Alzheimer's disease (AD) is the most common type of dementia in aging population. It is pathologically characterized by intraneuronal formation of neurofibrillary tangles (NFTs), extracellular deposition of senile plaques, and early loss of synapses [1] . Until now, the pathogenesis of AD remains largely unknown. Several hypotheses, such as tau pathology, amyloidosis, neuroinflammation, oxidative stress, and cholinergic neurodegeneration theories were established to explain the mechanisms; however, no therapy based on current theories can effectively prevent the occurrence of AD. Therefore, identification of the molecular basis of the disease is urgently required for the discovery of novel pharmacological target.
Weighted gene co-expression network analysis (WGCNA) is a popular systems biology method used to describe the correlation of gene expression based on the microarray database [2] . WGCNA can be used for finding gene clusters with highly correlated expression (modules), for summarizing these co-expressed gene clusters by identification of the module eigengene or hub genes, for relating the modules to phenotypes to get the most phenotypic trait-related module and for calculating module membership measures. Further correlation network analysis can identify the key and central players within modules, thus facilitate the discovery of therapeutic targets or candidate biomarkers.
In the present study, we performed WGCNA using gene expression data from publicly accessible microarray data obtained from AD and control human hippocampus. We identified 19 co-expression modules. Through calculating the correlation coefficient between the module and each phenotype, we obtained two modules of interest. We conducted GO and pathway enrichment analysis and further identify the central players within the two modules through network analysis. At last, the expression of the identified genes was confirmed in AD transgenic mice. We concluded that MT1, MT2, MSX1, NOTCH2, ADD3, and RAB31 are the most relevant genes, which may be potential targets for AD therapy.
MATERIALS AND METHODS

Data acquisition and preprocessing
The data used in this paper was obtained from the GEO database in NCBI (Gene Expression Omnibus, http://www.ncbi.nlm.gov/geo), and the data entry number is GSE1297. The data come from the work of Blalock EM [3] . The platform was [HG-U133A] Affymetrix Human Genome Array. Hippocampal gene expression of nine control and 22 AD human subjects of varying severity including seven incipient, eight moderate, and seven severe cases were analyzed. To facilitate the follow-up analysis, these four levels of data distribution were assigned to group 1, 2, 3, and 4.
Data analysis procedures were illustrated in Fig. 1 . The normalized data was downloaded [3] and the expression matrix was obtained, and data filtering was performed. The filtering criteria were as follows: the median expression was less than 1/5 of the average expression, and at least one expression is greater than 30,000. After the first filtering, the standard deviation of the remaining gene expression was calculated to obtain a list with decreasing standard deviations, the first 5,000 genes with large standard deviations were obtained, and the probe without corresponding annotation information were removed. There were 22,284 genes in the dataset; after the data preprocessing, we kept 4,880 genes for further analysis.
Construction of weighted gene co-expression network and identification of significant modules
Data was processed using R-Studio 3.4.0 software. To ensure that the results of network construction are reliable, abnormal samples were removed. The Pearson correlation coefficient was calculated to assess the similarity of the gene expression profiles, and then the correlation coefficients between genes were weighted by a power function to obtain a scale-free network. A gene module is a cluster of densely interconnected genes in terms of co-expression. WGCNA uses hierarchical clustering to identify gene modules and color to indicate modules. Dynamic tree cut method was used to identify different modules, during module selection, the adjacency matrix (a measure of topology similarity) was converted to a topology overlay matrix (TOM) and modules were detected by cluster analysis.
Correlation analysis of gene modules with clinical phenotype
The clinical data of GSE1297 included the severity of the disease, NFT value, Braak stage, Mini-Mental State Examination (MMSE) score, sex, age, and postmortem interval (PMI) values. To detect associations of modules to phenotype, first, the clinical data and gene expression data were correlated using the match function. Secondly, the associations of the module eigengene (ME, the first principal component of the module and represents the overall expression level of the module) to the clinical phenotype were calculated by Pearson's correlation analysis. Modules showing significant association to phenotype were obtained. At last, to further confirm the modules with significant correlation to phenotype, the correlation coefficient between the module membership (gene expression level) with gene significance (GS, for assessing the association of genes with phenotypes) was calculated using the labeleHeatmap function, and the p values were obtained.
GO and pathway enrichment analyses, identification of Hub genes and protein-protein interaction (PPI) analysis
Functional enrichment of Gene Ontology (GO) and KEGG pathways analyses were performed using GSAT (http://www.webgestalt.org/option.php). pvalue < 0.05 was considered to be significant enrichment. The genes in one module were analyzed using cytoHubba in Cytoscape [4] for identification of hub genes. The identified hub genes were further confirmed and analyzed using genemania (http://genemania.org/) [5] to establish the network through PPI analysis.
Total RNA isolation and qRT-PCR
APP/PS1 transgenic mice and age-matched wild type C57Bl/6 mice were from Jackson Lab. Mice were housed individually under standard conditions of temperature and humidity, and a 12 h light/dark cycle (lights on at 08:00), with free access to food and water before use. Adequate measures were taken to minimize pain or discomfort during surgeries. All animal experiments were approved by the Animal Care and Use Committee of Huazhong University of Science and Technology, and performed in compliance with the National Institutes of Health Guide for the Care and Use of Laboratory Animals.
For RNA isolation, mice at 6 months or 14 months were deeply anesthetized and sacrificed. The brain was quickly removed on ice and hippocampal tissue was homogenized in Trizol reagents. Total RNA was isolated according to the manufacturer's instructions (Invitrogen, Carlsbad, CA, USA) and reverse transcribed to produce cDNA using TaqMan reverse transcription reagents kit. Quantitative real-time polymerase chain reaction (qRT-PCR) was performed using the SYBR Premix Ex TaqTM (TaKaRa, Japan) in a Step One Plus real-time PCR system (Applied Biosystems, USA). Gene expression was quantified according to the 2-Ct method. Primer sets for selected genes were designed by TSING KE biological technology (Wuhan, China) and their sequences are available in Table 1 .
RESULTS
Data filtering and preprocessing
In the GEO database GSE1297, 22,284 genes were detected. These genes were screened according to the screening criteria described in Method, and 4,880 genes were obtained. Then the 31 groups of samples were read by R software, clustered, and one outlier sample (GSM21207) with significantly high average expression level was removed ( Supplementary  Fig. 1A ). Finally, 30 sets of data were obtained and matched to clinical data ( Supplementary Fig. 1B ).
Gene co-expression network construction and module identification
WGCNA was performed to identify gene coexpression networks associated with AD clinical pathological factors. The scale independence and mean connectivity analysis showed that when the weighted value equals to 6, the average degree of connectivity was close to 0, and scale independence was greater than 0.8, so the weighted value was set to 6. Through the calculation of the correlation coefficient between genes, the genes were classified according to the expression pattern theoretically, and the patterned genes are classified into one module. Nineteen co-expressed modules, ranged in size from 32 to 1,626 genes (assigning each module a color for reference), were identified (Table 2, Fig. 2 ).
Finding module of interest and functional annotation
To identify modules most significantly associated with clinical features, the Pearson's correlation coefficient between the module and each phenotype was calculated. The highest association in the moduletrait relationship was found between salmon module and clinical features such as MMSE score (r = -0.57, p = 0.001), group (r = 0.54, p = 0.002) and NFT value (r = 0.47, p = 0.009; Fig. 3A) . The second-highest association in the module-phenotype relationship was found between lightgreen module and clinical features such as group (r = 0.53, p = 0.002) and MMSE (r = -0.5, p = 0.005; Fig. 3A) . Thus, salmon and lightgreen modules were selected as module of interest in subsequent analyses. To confirm the correlation between module of interest and clinical features, labeleHeatmap function was used to calculate the correlation values of module membership with gene significance (MMSE and NFT) in the salmon module. The results showed significant correlation of module membership with gene significance in MMSE (cor = 0.47, p = 0.0058) and NFT (cor = 0.5, p = 0.00014) in salmon module (Fig. 3) .
Next, genes in salmon module and lightgreen module were subjected to GO functional and KEGG pathway enrichment analyses. Biological processes of both modules were found to focus on protein binding and ion binding (Fig. 4) ; In KEGG pathway analysis, cGMP-PKG signaling pathway was the most significant pathway in salmon module (p = 0.010725; Table 3 ); mineral absorption (p = 1.23 × 10 −14 ) and NF-κB signaling pathway (p = 0.033744; Table 4 ) were found to be the significant pathways in lightgreen module.
Identifying hub genes and network analysis
Fifty genes were clustered in the salmon module; thirty-five genes were clustered in the lightgreen module. CytoHubba in Cytoscape was used to identify hub genes in the two modules. The identified hub genes were further confirmed and analyzed by using genemania. To ascertain the significance of genes and analyze the network in the corresponding modules, the PPI maps were constructed (Fig. 5) . Network of genes in salmon module was comprised of 31 hub genes, including the top 10 hub genes, NBPF10, ADD3, NOTCH2, SPARC, NEBL, ZBTB20, GJA1, TRIL, CTNND2, and PTTG1IP, with the interacted genes of 2, 17, 8, 15, 5, 4, 20, 20, 7 , and 14, respectively (Fig. 5A) ; Network of genes in lightgreen module was comprised of 29 hub genes, including the top 10 hub genes, SLC47A1, MT1G, MT1X, MT1E, MT2A, MT1B, MT1A, MT1H, MSX1, and EHD1, with the interacted genes of 2, 12, 12, 12, 14, 11, 11, 12, 9, and 6, respectively (Fig. 5B) .
Validation of the hub genes in AD transgenic mice
To obtain further evidence for the significance of the key genes in the module of interest, we measured the expression of the top hub genes in AD transgenic mouse hippocampus through qRT-PCR. The results showed that in aged 14-month-old APP/PS-1 transgenic mice, expression levels of MT1, MT2, ADD3, RAB31, and MSX1 were increased; upregulation of NOTCH2 was observed in 6-month-old transgenic mice; VCAN and EHD1 showed a trend of increase in expression in14-month-old AD mice (Fig. 6) . HEY2 and EHD3, on the contrary, showed no change in expression level in AD mice ( Supplementary Figure 2) . Overall, most of the qRT-PCR results in AD transgenic mice were consistent with the results of the microarray analysis.
DISCUSSION
In this study, we used the weighted network analysis to analyze the whole genome expression data obtained from the hippocampus of AD patients. We choose dataset GSE1297 for analysis for the complete information of gene expression data and detailed clinical data in this database. In addition, GSE1297 includes samples from AD patients of varying severity including incipient, moderate and severe cases; such type of data from multiple group samples based on the disease severity is a good candidate for WGCNA analysis.
Through gene co-expression network construction, we identified 19 co-expressed modules. Genes in each module showed highly-related expression, indicating potential interaction or consistent effects of these gene-coded proteins in same pathways during the disease development. Through calculating the Pearson's correlation coefficient between the module and most disease-related clinical features such as MMSE score and NFT value, we obtained two modules (salmon and lightgreen) of interest. Further GO metallothionein (MT) family, RAB31, and MSX1 were identified to be the key genes related to AD NFT severity and MMSE scores. Analysis of hub genes showed that MT family might play an important role in AD pathogenesis.
This was in accordance with the pathway enrichment analyses in which mineral absorption was a significant pathway. MT family members such as MT1, MT2, and MT3 were suspected relating to AD disease development for long time. Numerous studies reported increased MT1 and MT2 expression especially in the reactive astrocyte and microglia surrounding the plaques, as well as the increased oxidative stress elicited by the amyloid [6] [7] [8] . In animal models, same changes were observed [8, 9] . Upregulation of MT-I and MT-II in reactive glias together with clear signs of inflammation and oxidative stress around the plaques indicated that MT-I and MT-II may be involved in the regulation of astrocytosis and microgliosis in neuroinflammation. The exact roles of these two MTs in regulating astrocytes and glias need further exploration. Data of MT3 expression in AD was controversial. Decreased or unaltered MT-III was reported in AD patients or animal models [10, 11] , indicating big variations among different cases or in different disease stages.
This may explain that the gene significance of MT3 was lower than that of MT1 and MT2 in network analysis. MSX1 is another identified key gene in the lightgreen module. Msx1 is a transcription factor that is involved in the brain development [12] . Function studies implicate the role of Msx1 in the proliferation and differentiation of oligodendrocytes or astrocytes in the hippocampus and fimbria [13] [14] [15] . Co-expression of MSX1 with MT1 and MT2 in the network indicates that Msx1 may be also a candidate protein in regulating astrocytosis in AD brain. Identified functions of these hub genes in lightgreen module are consistent with the KEGG pathway analysis result in which mineral absorption and NF-κB signaling pathway are the major pathways. Through the network analysis of lightgreen module, we suspect that astrogliosis is an important event in AD development, while the role of MT1, MT2, and MSX1 in this event is worthy of further exploration. In our study, Notch2 was identified as another important regulator in AD. Notch pathway plays a key role in neurodevelopment. It is also expressed and active in the adult brain, with conserved and novel roles in regulating adult neural stem cells, as well as in the regulation of migration, morphology, synaptic plasticity, and survival of immature and mature neurons [16, 17] . In AD brains, Notch1 was found to interact with PS-1 and APP [17, 18] , with 2-fold increased expression in hippocampus in comparison to that in control human hippocampus [17] . Notch2 was also showed to interact with APP [19] ; however, its relationship with AD pathology remained largely unclarified. The precise role and mechanism of Notch2 in AD development needs further exploration. We suspect that the aberrant cell cycle re-entry of neurons in both early-and late-onset AD [20] may be the upstream event leading to Notch signal activation, the latter, further participates in neurodegeneration.
In the network analysis, ADD3, another key hub gene, was found to be in connection with Notch2. Normally, genes in the same connection have the similar function, or participate in the same event. Adducin (ADD) is membrane-associated cytoskeleton protein family with recognized function of regulating the spectrin-actin interaction in neurons and other type cells [21] [22] [23] . A connection of ADD3 with proliferation signal Notch may be explained by reassembly of cytoskeleton proteins during mitosis, even though neurons fail to complete the cell cycle and undergo degeneration instead. One notable fact is that impaired cytoskeleton assembly, synaptic plasticity, motor ability, and learning/memory were observed in ADD-deficient cells or animals [24] [25] [26] . Adducin also controls synaptic elaboration and elimination [27] . These data indicate that Adducin plays an important role in synapse stability and dynamics. Whether and how Adducin is involved in AD pathogenesis has not been investigated. The reported disease correlation of ADD3 is related to biliary atresia [28] [29] [30] and hypertension [31, 32] . Thus, ADD3 may be an interesting target in understanding the mechanism for synaptic degeneration and memory loss in AD patients.
At last, RAB31 was characterized to be a hub gene with NOTCH2 and ADD3 in the same module. Rab31 (also known as Rab22b) is a member of the Rab5 subfamily [33] . Rab31 localizes largely to the trans-Golgi network and functions in the endocytic or exocytic trafficking of the epidermal growth factor receptor (EGFR) and mannose 6-phosphate receptors in epithelial cells [34, 35] . Reported function of Rab31 in the brain is controversial. Rodriguez-Gabin et al. found expression of Rab31 in oligodendrocytes and its role in the transport of certain proteins from trans Golgi to myelin [36, 37] ; while Ng et al. found that this protein to be exceptionally enriched in nestin and RC2-positive radial glia of the embryonic mouse brain, and to be specifically expressed in GFAP-positive mature astrocytes, but is not in oligodendrocytes or neurons in the adult brain [38] . Recent studies showed that Rab31 enhanced the differentiation of NPCs to astrocytes [39] . Function of Rab31 to promote cell proliferation and inhibit apoptosis in cancer cells was also reported [40] . Taken together, Rab31 more possibly participates in proliferation and differentiation of adult neural stem cells, thus exerts the familiar function as Notch2 in cell cycle re-entry of neurons. It also may participate in astrogliosis in AD pathogenesis.
In a summary, through weighted gene coexpression network analysis (WGCNA) on microarray data from human hippocampal tissues, we uncover MT1, MT2, NOTCH2, ADD3, MSX1, and RAB31 as key hub genes in AD. Through the similar network-based approach, Zhang et al. has identified 89 modules related to neuropathology traits and reported series of key regulators in AD brain using microarray data from three brain regions (prefrontal cortex, visual cortex and cerebellum) [41] . Some key genes in this study were the same as those illustrated in our analysis, such as MT1, AQP4, GJA1, and SLC gene family. Consistently, immune response, zinc homeostasis, and cell cycle events were shown to be functional categories enriched in AD. Further functional exploration on these identified genes and studies of AD brain transcriptome diversity at the single cell level are needed to promote the understanding of AD mechanisms. 
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